Accurate prediction is an essential ingredient in geotechnical engineering, which plays a significant role in the management of key engineering of countries. This paper presents a novel approach of genetic programming (GP) integrating with rough set (RS) to solve prediction problems in geotechnical engineering. Firstly, RS is considered as the fore-treatment tool of genetic programming to eliminate the redundant and noise information in training data, then, genetic programming is used to establish the prediction model. In order to verify the reliability of this method, the genetic programming model based on rough set is applied to predict debris flow velocity, taking the debris flow depth, the gradient of the channel, the debris flow density and the average grain size as the input factors, a total of 50 debris flow events are investigated in the JiangJia gully, which used for building and verifying the RS-GP model. After attribution reduction by RS, 4 groups of the noise data and weak interdependency data of training samples are eliminated, then, the rest 41 groups of the measured data are selected as the training database and 5 groups of data are used as testing data to establish the GP model. Finally, the modified DongChuan empirical equation and BP approach are also used for comparison and validation, whose results show that the RS-GP predicted debris flow velocity values are very close to the measured values, the maximum error is 2.97%, the average error is 0.9% .Therefore, the prediction accuracy of RS-GP prediction model is higher than those of empirical equation and BP, which indicate the model brought up in this paper is efficient and effective 1 .
INTRODUCTION
Accurate prediction is an essential ingredient in geotechnical engineering, while traditional forecasting technique with theoretical foundation in statistics can't finely resolve the uncertainty, non-linearity as well as fuzziness. Fortunately, artificial intelligences such as artificial neural network system attract much more researchers' interest because of its nonlinear and dynamic system with strong robustness and fault tolerance. In the meantime, in order to increase the prediction accuracy of neural network, other advanced algorithms such as support vector machines [1] [2] [3] , fuzzy theory [4] [5] , genetic algorithm [6] as well as rough set theory [7] are integrated with it, and much progress has already been made.
In spite of the progress in neural network technology mentioned above, it has some limitations to be resolved. For example, the structure of neural network is difficult to be determined and the relationship between variables is unviable, therefore genetic programming may be considered as another promising algorithm. It has the ability of studying and remembering the nonlinear relation between inputs and outputs without any presumption, and its structure is easy to be determined. Since Koza introduced a formal description of genetic programming in 1992, many researchers have been proposed. Recently, Cabalar & Cevik [8] applied it to model earthquakes in turkey, Baykasoğlu etal [9] used it to predict the compressive and tensile strength of limestone, Zhai etc [10] used it to predict the surface subsidence due to mining, Yang etc [11] used it to work on the automated optimum design of structure. These final equations obtained by GP seem to produce reasonably predictions. But sometimes, the forecasting capacity of genetic programming is limited by training data, especially when the training samples have some redundant information and noise. Therefore, in order to increase the forecasting ability of genetic programming, a novel forecasting model combining genetic programming with rough set is proposed in this paper. Rough set theory is used to eliminate the noise data and weak interdependency data of training samples by means of attribution reduction firstly. Then, genetic programming is to find the relation between inputs and output. In this way, the accuracy of prediction can be dramatically increased.
BRIEF OF GP AND RS

Genetic Programming
Genetic programming is designed to optimize an objective function by a way of combining Darwin's theory of natural selection and survival of the fittest .To search for and identify a fittest equation specification, the algorithm randomly assembles a populations consisting of a user-defined initial number of equations at first. After genetic operations such as cross over reproduction and mutation, the best-fit function is obtained. From the programmer's view, each equation of genetic programming is expressed in the form of parse tree rather than a mathematical expression. The tree structure of genetic programming allows for much more diverse and complex structure of differing size and makes it easier to represent mathematical expressions. The leaf (end) node of genetic programming is input variables from the terminal set T= {t1, t2…t3}, where 1 t can be variables of x, y and z or the constants a, b or pi. The internal nodes are operators from the functions set F= {+,*, /, sin, cos,log,exp}. To help the visualization of the genetic programming procedure, a tree shape of genetic programming is presented in figure 1 . 
Rough Set
Since developed by Pawlak in the 1980s [12] , the theory of rough set has a continuous development, and a fast growing group of researchers are interested in this methodology. The methodology is concerned with classificatory analysis of imprecise, uncertain or incomplete information or knowledge expressed in terms of data acquired from experience. It is a somewhat different approach to other mathematical tools. One of its main advantages is that it does not need any preliminary or additional information about the data, such as probability distribution in statistics, basic probability assignment in the Dempster-Shafer theory, or grade of membership or the value of possibility in fuzzy set theory.
The knowledge of rough set is represented in the information table where row represent objects and the columns represent attributes, a special form of information table is called as a decision table, where one column represents a decision and the rest of columns represent conditions. The objectives of domain can be divided into different decision attributes according to different conditions. If
the dependency of decision D on the conditions C can be expressed as follows:
 when the value of ( ) C spt D approaches to 1, it shows that the dependency of D on the C is highest. Relative to decision set D, every condition attributes has different significance, if a condition attribute Ci is removed from C, the dependency of D on the C is not changed, then, Ci is thought as a redundant attributes and can be removed from the set of C, the significance of Ci can be calculated by the equation (2), it shows that the higher the value of
sig  , the more significant Ci is in the set of C.
PREDICTION OF AVERAGE VELOCITY OF DEBRIS FLOW
Debris flows are one of the most dangerous and common hydrological phenomena in mountainous regions, which is one of the major threats for the sustainability of environmental and social development. The problem of calculation and forecasting the mudflows still remains a key problem in engineering and science, and forecast for velocity of debris flow is one of the core issues in prevention and control of debris flow. A lot of scholars use different methods such as BP neural network [13] to study it, and much more progress are made .Here, a novel model based on RS-GP is established to predicate the average velocity of debris flow.
Data preparation
Many parameters can affect average velocity of debris flow, here, the average grain size (c1), the debris flow depth (c2), the gradient of the channel (c3) and the debris flow density (c4) are chosen as most predominant factors influencing the average velocity of debris flow, and D is the average velocity.50 groups of samples collected from JiangJia gully, the training date of 45 are show in table I.
Attribute Reduction
Forward attribute reduction based on neighborhood model is used, the method can deal with numerical value without discretion them, add an attribute with the great increment of dependence into the reduction in each circle until the dependence does not increase. Namely, if adding any new attribute will not increase the dependence in this case, it is considered as redundant attributions and can be eliminated from the condition attribution. According to the former formulas, the significant of each attribute is calculated, results show that the most predominant factor influencing the average velocity is the average grain size, the second significant factor is debris flow depth, and the next two factors are Gradient of the channel and density. Based on this, the redundant samples are deleted, and 4 training samples are eliminated, whose number is 5, 20, 30 and 35.
Model establish by GP
Taking the remain 36 groups data shown in table I as the training data, the parameters needed for genetic programming are set in table II Population diversity and structure complexity as well as change of genetic operators with steps is shown in figure 2 to figure 3 . After satisfying the stop criterion, the genetic programming model expressed by tree is given in figure 4 . NOTE: X1 is average grain size, X2 is debris flow depth, X3 is gradient of the channel and X4 is debris flow density.
Model Verification
In order to verify its reliability, taking the sample with star as test data, the predicting results of the genetic programming model based on rough set are compared with that of BP and empirical formulation (table III) . It shows that the minimum and maximum error obtained by DongChuan empirical formulation are 1.2% and 7.3% respectively, the relative error obtained by BP are 0.1% and 3.2%， while, the prediction error of genetic programming combined with rough set are 0.1% and 2.97%,which show that the genetic programming model is more accuracy than that of BP and DongChuan empirical formulation. 
CONCLUSIONS
This paper makes attempt to combine genetic programming with rough set, the proposed model is applied on the prediction of average velocity of debris flow, the average grain size, the debris flow depth, the gradient of the channel and the debris flow density are chosen as most predominant factors, 45 samples are chosen as training data and 5 samples are considered as test data. After reduction by RS, a RS-GP model is established and the prediction results are compared with those of BP and empirical formulation, which show the proposed model provides better prediction results than BP and empirical formulation. Therefore, the proposed RS-GP model is an efficient alternative method in conducting geotechnical prediction problems.
